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The susceptible-infected-removed (SIR) model characterizes an epidemic via
a set of differential equations governing the change in the sizes of the suscep-
tible, infected and removed portions of a population affected by the epidemic.
The coronavirus disease 2019 (COVID-19) is a currently ongoing pandemic
caused by a virus identified in Wuhan, China, in December 2019 that so far
has infected millions and killed thousands of people globally. In this thesis,
the trajectory of COVID-19 in three regions around the world is forecasted
by fitting an SIR model to time series data of reported confirmed and recov-
ered numbers of cases of COVID-19 in these regions. In addition, COVID-19
in the United States is forecasted using data before and after the enactment
of suppression measures to contain the disease. Our findings validate the
claims of public health officials on the effectiveness of suppression measures
such as lockdown, social distancing and self-isolation at slowing down the
spread of COVID-19.
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The coronavirus disease 2019 (COVID-19) is caused by the SARS-CoV-2
coronavirus. Its first confirmed case appeared in Wuhan, the capital city of
the Chinese province of Hubei, in December 2019, with its exact source traced
to a Wuhan seafood market [1]. COVID-19’s alarming levels of spread and
severity caused its outbreak to be declared a pandemic by the World Health
Organization on March 11, 2020 [2]. By early May, COVID-19 had spread
to over 200 countries and infected millions of people [3].
The transmission of a disease such as COVID-19 can be characterized by an
epidemiological model. The susceptible-infected-removed (SIR) model is one
such model. It models the population dynamics of an infectious disease by
partitioning a given population into three classes and describing the change
in the sizes of these classes through time via differential equations.
Several countries around the world have taken drastic measures under the
guidance of public health officials in an attempt to slow down the rapid trans-
mission of COVID-19 [4, 5, 6]. One of the most widely used measures is sup-
pression. Suppression involves the closure of schools, travel and businesses.
It also involves requirements of strict social distancing as well as isolation
of the general public to within the confines of their homes. The main goal
of suppression is to deliberately increase the physical space between people,
thus decreasing the rate of transmission of the virus.
The United States is currently practicing suppression in order to contain
COVID-19. On March 19, 2020, California became the first U.S. state to
mandate its residents to stay at home to counteract its spread [7]. By March
30, thirty statewide orders for partial or complete lockdown were declared
[8], and this number increased to 45 by April 20 [9].
In the first part of this thesis, (the parameters of) the SIR model that
best approximates reported time series data of daily confirmed and recov-
ered numbers of people is computed for each of the United States, Hubei
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province and South Korea to forecast the trajectory of COVID-19 in these
three regions. The loss function minimized to compute the SIR model pa-
rameters is the sum of the root mean square errors (RMSE) of the predicted
daily infected and removed numbers of people given by the model.
In the second part of this thesis, the effectiveness of suppression measures
at slowing down the progress of the pandemic is examined. To achieve this,
separate SIR models are fitted to the reported daily confirmed and recovered
numbers of people in the United States as in the previous part using the
reported data only up to March 18, March 30 and April 20, 2020. The





The SIR model is a deterministic, compartmental model used to model an
infectious disease, initially proposed by Kermack and McKendrick in 1927
[10]. The population in an SIR model is partitioned into three classes or
compartments: susceptible, infected and removed. A susceptible individual
is one that is not infected with the disease and is able to become infected.
An infected individual is one that is infected with the disease and is able
to transmit the disease to susceptible individuals. A removed individual
is not infected with the disease and is not able to become infected in the
future (e.g., due to death or immunity either acquired or resulting from a
vaccination). The assumptions of the SIR model (spelled out in Section 2.3)
make it suitable for modeling infectious diseases such as measles, mumps and
rubella for which recovery confers lasting immunity to reinfection.
2.2 Definition
Let S(t), I(t) and R(t) denote the number of susceptible, infected, and re-
moved individuals in the population at time t, respectively. The time variable
t is assumed to be continuous. Let N denote the total number of individuals
in the population, and let β, γ > 0 be constant parameters that denote the
rate of infection and recovery in the population, respectively. The SIR model
















N = S + I +R (2.4)







of t. The (t) after these variables to indicate this are omitted for brevity’s
sake.) A compartmental diagram of the SIR model is shown in Figure 2.1.
2.3 Model assumptions
The model makes simplifying assumptions about the dynamics of the infec-
tious disease being modelled and the population affected by the disease. It
assumes that:
 the population is fixed, as partially alluded to by Equation (2.4) in
Section 2.2. In particular, it assumes that the population does not
experience births and deaths.
 the only way for an individual to leave the susceptible group is for them
to become infected.
 the only way for an individual to leave the infected group is for them
to become removed.
Figure 2.1: A compartmental diagram of the SIR model. β and γ denote
the rate of infection and recovery, respectively.
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 a removed individual cannot become susceptible or infected.
 the infection has no latent period (i.e. a period in which an individual
in the population is infected but not able to transmit the disease to
others).
 the individuals of each population behave identically to one another.
2.4 R0: the basic reproduction number
The parameters β and γ give insights about the reproductive capability of
the infectious disease being modeled. Of particular interest is the quantity
R0 , βγ , the basic reproduction number of the disease, first applied in an
epidemiological setting by Richard MacDonald in 1952 [11]. R0 is the av-
erage number of infections caused by an infected individual in a population
where all subjects are susceptible. It can also be thought of as the average
number of contacts by an infectious individual with others before the indi-
vidual recovers. Thus, R0 can be used to estimate the level of transmission





In this section, we describe how an SIR model is fitted to time series data of
reported numbers of confirmed and recovered cases. The procedure described
in this section is used throughout Sections 3.2 and 3.3 for the fitting of the
models therein.
Let T be the finite set of days for which an SIR model is fitted to the
reported data, and let t0 be the earliest day in T . Let
D , {(C(t), H(t)) | t ∈ T}
be the reported data the model is being fitted to, where C(t) and H(t) are the
reported numbers of confirmed and recovered cases on day t ∈ T , respectively.
Let Î(t) and R̂(t) be the predicted numbers of infected and removed cases
on day t ∈ T , respectively, obtained by the following procedure. Suppose a
pair of SIR model parameters θ = (β, γ) with β, γ > 0, a dataset D and an
integer-valued initial condition S0 ≥ 0 are given. First, define I0 , C(t0) and
R0 , H(t0). Second, obtain S(t), I(t) and R(t) for all t ≥ t0 as a solution of
the initial value problem given by Equations (2.1), (2.2) and (2.3) in Section
2.2 with the initial conditions S(t0) = S0, I(t0) = I0 and R(t0) = R0. The
solution of this initial value problem exists and is unique [12]. Î(t) and R̂(t)
are then obtained by Î(t) , I(t) and R̂(t) , R(t) for all t ∈ T .
To fit an SIR model with an assumed initial condition S0 ≥ 0 to a dataset
D, a pair of SIR model parameters θ = (β, γ) with β, γ > 0 generating
I(t), R(t) for t ≥ t0 and Î(t), R̂(t) for t ∈ T that minimize the loss L(θ,D, S0)






















L(θ,D, S0) in Equation (3.1) can be succinctly described as the sum of the
root mean square errors (RMSE) of the predicted daily numbers of infected
and removed individuals over all days in the set T , treating the reported
daily numbers of confirmed and recovered individuals as observations, re-
spectively. The RMSE is chosen due to its intuitive interpretation as the
standard deviation of the residuals [13].
3.2 Forecasting the trajectory of COVID-19
In the first part of this thesis, I fit separate SIR models to the reported
data of daily confirmed and recovered numbers of individuals in the United
States, Hubei province in China and South Korea to forecast the trajectory
of COVID-19 in these regions. The reported data are obtained from the
Humanitarian Data Exchange [14].
The United States’ reported confirmed and recovered data are divided by
1000 before the corresponding model is fit to the data, as the fitting of the
model to the data took too long otherwise. For a model corresponding to a
particular region, T is chosen to be the set of days between (and including)
the later of the first day of a reported infection in the region and January
11, 2020, and April 26, 2020. (The choices of January 11 and April 26 are as
such because data from before or after those days are not available.) Since
the United States reached 1000 confirmed cases on March 11, 2020, March
11, 2020 became the first day in T for the model corresponding to the United
States after scaling the data. S0 was fixed to 2000, 120000 and 20000 prior
to the fitting of the models corresponding to the United States, Hubei and
South Korea, respectively. (S0 was not chosen to be the entire population
for any of the models, as then the models took too long to fit.) Figures 3.1,
3.2 and 3.3 show the forecasts of COVID-19 in these regions for 200 days
beyond April 26 given by the corresponding models fitted with the described
settings. The results are summarized in Table 3.1.
From Figures 3.1, 3.2 and 3.3 and Table 3.1, inferences can be drawn
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Figure 3.1: The forecast of COVID-19 in the United States for 200 days
after April 26. T is chosen to be the set of days from March 11 to April 26.
S0 is assumed to be 2000.
Figure 3.2: The forecast of COVID-19 in Hubei province for 200 days after
April 26. T is chosen to be the set of days from January 22 to April 26. S0
is assumed to be 120000.
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Figure 3.3: The forecast of COVID-19 in South Korea for 200 days after
April 26. T is chosen to be set of days from January 22 to April 26. S0 is
assumed to be 20000.
Table 3.1: Forecasting the trajectory of COVID-19.
Country Province β γ R0
United States - 0.2 0.01 20
South Korea - 0.2 0.02 10
China Hubei 0.2 0.02 10
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about the spread of COVID-19 in the United States, Hubei province and
South Korea. For example, it can be inferred from the curves corresponding
to predicted daily infected numbers of people in Figures 3.1, 3.2 and 3.3 that
COVID-19 will end sooner in Hubei and South Korea than in the United
States. In addition,R0 values for the models fitted to Hubei and South Korea
data are smaller than the R0 value for the model fitted to United States data
as seen in Table 3.1, from which it can be inferred that the disease is less
contagious in Hubei and South Korea than in the United States. The slope
of the curve corresponding to reported daily confirmed numbers decreases
with time for the models for Hubei province and South Korea and does not
for same curve for the United States model, implying a decreasing level of
transmission of COVID-19 in Hubei and South Korea unlike in the United
States. It is likely, then, that the overall level of transmission of COVID-19 in
these regions is less than in the United States. Thus, both of the conclusions
derived from the models are consistent with the reported data.
3.3 Impact of suppression on slowing down the spread
of COVID-19
In the second part of this thesis, a separate SIR model is fitted to reported
confirmed and recovered numbers of cases in the United States using the
same time series data up to March 18, March 30 and April 20. Because the
United States began suppression measures on March 19 which have steadily
escalated afterwards, the comparison of the resulting models should yield
some measure of the effectiveness of suppression measures at slowing down
the spread of COVID-19.
S0 is fixed to 1500 prior to the fitting of all models. S0 is not chosen
to be the entire population for any model and the United States’ reported
confirmed and recovered data are divided by 1000 before the models are fit
to the data for the same reasons as discussed in Section 3.2. T is the set of
days from March 11 (as in Section 3.2) to March 18, March 30 and April 20
for the three different models. Figures 3.4, 3.5 and 3.6 show the forecasts
of COVID-19 in the United States for 100 days beyond the days the models
are fitted until given by the corresponding models fitted with the described
settings. The results are summarized in Table 3.2.
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The effectiveness of suppression measures at decreasing the transmission
of the disease can be inferred from Figures 3.4, 3.5 and 3.6 and Table 3.2.
As seen from Figures 3.4, 3.5 and 3.6, the slope of the predicted numbers
of infected individuals on any fixed day decreases as the models incorporate
more data from later days. The same figures show that the fraction of the
entire population that is infected on any fixed day after the days of peak
predicted numbers of infection predicted by all models similarly decreases as
the models incorporate more days into its predictions. R0 estimates are also
smaller for models fitted using data from later dates as observed in Table 3.2.
As dates the models are fitted until were selected corresponding to dates of
the enactment of COVID-19 suppression measures, it can be inferred that
suppression measures are effective at reducing the transmission of COVID-19.
Figure 3.4: The forecast of COVID-19 in United States for 100 days after
March 18. T chosen to be set of days from March 11 to March 18. S0 is
assumed to be 1500.
3.4 Further discussion
The reader might observe that the R0 values for the SIR models generated
given in Tables 3.1 and 3.2 are implausibly high. This is a reasonable cause
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Figure 3.5: The forecast of COVID-19 in United States for 100 days after
March 30. T chosen to be set of days from March 11 to March 30. S0 is
assumed to be 1500.
Figure 3.6: The forecast of COVID-19 in United States for 100 days after
April 20. T chosen to be set of days from March 11 to April 20. S0 is
assumed to be 1500.
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Table 3.2: Impact of suppression on slowing down the spread of COVID-19.
End date β γ R0
3/18 0.3 0.00000001 30000000
3/30 0.3 0.004 75
4/20 0.2 0.01 20
for concern; R0 for COVID-19 is estimated to be around only 2-10 [15, 16,
17, 18, 19] as compared to the greater than 10 R0 values estimated using the
approach described in this thesis.
This discrepancy is conjectured to be due to two reasons. The first is
that a reported daily number of confirmed individuals from the dataset is
likely not the number of infected individuals on that day but rather the
cumulative number of infected individuals up to that day. So the model is
fitted to overestimates of the numbers of infected individuals, leading to an
overestimate of β and R0 as seen by Equation 2.4. This explains why R0
estimates given in Sections 3.2 and 3.3 are consistently higher than those
found from other studies. The second is that not many data points are used
to fit the models, especially for the models fitted to United States data in
Section 3.3. In particular, the model fitted to the United States data until
March 18 uses the time series data for only 8 days. Such a scarcity of data
used to fit the model would inevitably lead to an inaccurate estimation of
the model parameters. This explains the very large R0 estimate given by the
model fitted to United States reported data until March 18 shown in Table
3.2.
It must also be noted that critical assumptions were made about the pop-
ulations in question and the dynamics of COVID-19 in order to reach the
conclusions made. For one, S0 for the models were fixed to be arbitrary
values prior to their fitting. It was not feasible to choose S0 as the entire
population of the regions for which COVID-19 was forecasted, which would
plausibly imply that the entire populations are initially susceptible; it was
then not possible to fit the models in a reasonable amount of time. Second,
an individual with COVID-19 was assumed to follow strictly the susceptible-
infected-removed course of infection. In particular, COVID-19 was assumed
to have no latent period during which an individual is infected but not con-
tagious. This is a demonstrably false assumption as shown by research done
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on COVID-19 which proves the existence of such a latent period [20]. In
addition, the model assumed that an individual infected with COVID-19 de-
velops immunity to reinfection. This is not necessarily the case either. There
is some evidence of the potential of COVID-19 reinfection in recovered indi-




Using SIR models fitted to United States, Hubei province and South Korea
time series data of numbers of confirmed and recovered cases, the trajecto-
ries of COVID-19 in these regions were forecasted. In addition, COVID-19
was found to have a lower transmission after the enactment of suppression
measures than before in the United States. Thus, it can be inferred that
suppression measures are generally effective at decreasing the transmission
potential of COVID-19. However, many assumptions were made in reaching
this conclusion, many of which are or could turn out to be inaccurate. Thus,
it would be of interest to simulate COVID-19 using a more complex model
that incorporates more data into its prediction. Doing so would eliminate the
need for some of the assumptions made when modeling, which would likely
result in a more accurate model. We would then obtain more accurate results
and insights into the dynamics of COVID-19 transmission, the ultimate goal.
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